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Introduction
An aneurysm is defined as the gradual dilatation of a blood vessel. Aneurysm of the abdominal aorta, referred to as abdominal aortic aneurysm (AAA), are common in the aging male population. Rupture of AAAs are currently the 13th leading cause of death in the USA (Minino et al., 2004) . This failure is triggered by the blood pressure being directly applied to the walls of the aneurysm whose mechanical properties are degraded in comparison to a healthy aorta. When AAAs reach a critical diameter (typically 5.5 cm), they require a treatment to mitigate the risk of rupture. ''Endoluminal grafting'' is a recently developed non-invasive treatment that canalizes aortic blood flow via a stent-graft such that no pressure is applied to the aneurysm (i.e. weakened aortic wall). The graft is deployed such that it mechanically seals against the inner wall of the blood vessel at the aneurysm inlet and outlet, directing blood through the graft and isolating the aneurysm sac from flow and pressure. An example of graft deployed inside an AAA is depicted in Figure 1 .
Endoluminal grafting is a promising treatment option because it is non-invasive with a relatively short hospital stay and a quick recovery time (Buth et al., 2002; Di Probabilistic failure prediction 85 Martino et al., 2001; Leung et al., 2006) . However, several graft failure mechanisms, such as endoleak, exist with a possible lethal outcome. Type I Endoleak is defined as the leakage of blood into the aneurysm sac as a result of an ineffective seal between the graft and the artery at the proximal and/or distal attachment sites. If blood flow is allowed to enter the aneurysmal sac, the cavity will be repressurized,thus increasing the risk of rupture.
Several factors may contribute to the failure of endoluminal grafts: artery and graft geometries, material properties of the graft and aorta, and blood flow characteristics. Numerous studies have noted the importance of including the combined effects of blood flow and aortic mechanical properties on abdominal aortic aneurysm (AAA) rupture risk (Di Martino et al., 2001; Leung et al., 2006; Papaharilaou et al., 2007; Scotti et al., 2005; Wolters et al., 2005) . Several other studies have assessed the effects of fluidstructure interactions (FSIs) on the functionality of endoluminal grafts Kleinstreuer, 2005a-e, 2006; Li et al., 2005) . For example, Li. et al. (2005) demonstrated that the following parameters play an important role in stent-graft migration: aneurysm neck-angle, ratio of aortic to iliac aortic diameter, and hypertension. It is important to note that, to the authors' knowledge, there has been no report in the literature of a methodology which can assess the simultaneous, non-linear, and coupled effects of system parameters (some with high degrees of variability) on the inception of a specific endovascular graft failure mode (e.g. Type I endoleak). This void serves as the primary motivation of the current work.
The objective of this article is twofold. The first aim is to introduce a novel computational methodology to quantify the probability of graft failure based on the variability of the aforementioned parameters. The proposed techniques originate from the fields of design of experiments (DOE) (Montgomery, 2005) and machine learning (Vapnik, 1995; Karlsen et al., 2000) . Their application, which is believed to be new to the area of bioengineering, is an attractive capability for this field where variability and uncertainties are omnipresent. More specifically, this paper introduces the notion of explicit design space decomposition using support vector machines (SVM) . This approach defines limit-state functions (LSF) (i.e. boundaries of the failure regions) explicitly in terms of the parameters. This Endoluminal grafting of an AAA. Depiction of graft failure defined as a leak of blood between the graft and the aorta EC 27,1
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is particularly useful when the failure state is binary, such as leak or no leak, and is difficult to describe with a smooth, continuous function of the parameters. In fact, this approach originates from the field of structural impact problems where responses might be discontinuous and hamper the use of traditional approaches for the calculation of probabilities of failure such as first-order and second-order reliabilitiy method FORM and SORM (Haldar and Mahadevan, 2000; Melchers, 1999) . Traditional techniques based on response surfaces and metamodels (Myers and Montgomery, 2002; Wang and Shan, 2007) constructed from a DOE are also inefficient to quantify binary states. In addition, decomposition using SVM provides an efficient tool to assess probabilities of failure based on inexpensive Monte-Carlo simulations.
Another attractive feature of SVM stems from its ability to describe disjoint and nonconvex failure regions. As a required component of the probabilistic analysis, the second objective of this work is to develop a computational model which enables the prediction of graft failure (Type I endoleak) for a given configuration of the parameters. This paper proposes a finite element fluid-structure interaction (FSI) model based on LS-DYNA's multimaterial formulation (Hallquist, 2006) . One of the attractive capabilities of this approach is that it allows one to model the separation of two solid (Lagrangian) entities, initially in contact, immersed in an (Eulerian) fluid domain. Therefore, the model is able to simulate the initiation of the opening of the seal between the aorta and the graft (i.e. the endoleak). This represents a major enhancement in comparison to previous studies based on FSI simulations of aortic aneurysms (Papaharilaou et al., 2007; Scotti et al., 2005; Wolters et al., 2005) .
The following section (section 2) provides a broad description of the aneurysm modeled and its parameterization. Section 3 gives an overview of the explicit design space decomposition, SVM, optimal DOE, and the calculation of the probability of failure. Section 4 provides details regarding the finite element formulation used in the study. In the results section, the methodology is applied to both a simplified and a more complicated aortic geometry. The corresponding maps of probabilities of failure over the entire design space are calculated for both geometries.
Overview of the aneurysm model
In order to identify critical parameters and assess the probability of graft failure, a parameterized finite element model was created. This section aims at giving the reader an overview of the model in relation to the proposed probabilistic method. Information about the finite element formulation and other details about the model construction are gathered in section 4.
A system consisting of an aortic aneurysm, a stent-graft, and blood flow was modeled (see Figure 2) . Because the unconstrained stent-graft diameter is larger than the aorta at the aneurysm inlet and outlet, a contact pressure exists between the two (see Appendix). The resulting pressure between the graft and artery isolates the aneurysmal sac from the pressure arising from direct contact with the blood flow and prevents the ingress of blood between the graft and the vessel wall. The ingress (i.e. Type I endoleak), predicted with the finite element analysis, will be considered as the failure state for the probabilistic analysis. For the purpose of parametric studies, material properties can be varied in a straightforward manner. However, changes in the geometry require an a priori parameterization. An aneurysm geometry was developed that allows variations in aneurysm shape factor, asymmetry, inlet/outlet angles, and the offset distance between the inlet and outlet. Details of this geometric parameterization are provided in section 4.
Approach

Overview
The central technique and novelty of this work is referred to as explicit design space decomposition. This approach is composed of four major steps, that will be detailed in the remainder of the section, are (Figure 3 ):
.
Step A: Perform a uniform DOE with the chosen random parameters. Basic principle of explicit design space decomposition using SVM EC 27,1
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Step B: Evaluate the state of the system with a finite element simulation for each DOE sample. Classify them as ''failure'' or safe (i.e. leak or no leak) (step B).
Step C: Define the explicit boundaries of the failure regions using SVM (step C).
Step D: Calculation of probabilities of failure.
Uniform DOE (
Step A) Many parameters are needed in the modeling of a repaired aneurysm to fully describe the geometric, material, and flow characteristics of the system. The computational time involved in simulating each set of parameters limits the number of cases that can be studied directly; however, a representative set of samples must be chosen to understand the model behavior over the full range of parameter values. In order to sample the parameter space, several DOE techniques exist (e.g. central composite design), latin hypercube sampling (LHS), etc.) (Montgomery, 2005; Butler, 2001 ). However, it is known that DOE techniques are hampered by the so-called ''curse of dimensionality'' which states that the number of samples required to ''fill'' the space increases exponentially with the number of dimensions. Therefore, if only a limited number of samples are available, they should be as uniformly distributed as possible. This is an important point as LHS, for instance, might cluster information in one location to the detriment of other regions of the space. In order to enhance uniformity, techniques such as Improved distributed hypercube sampling (Beachkofski and Grandhi, 2002) , latinized centroidal voronoi tesselation (LCVT) (Romero et al., 2006) , or optimal LHS (Stocki, 2005) have been developed. Figure 4 provides a comparison between an LHS and an LCVT DOE.
Note that at this stage, the probability density functions are not used and the variables are all assumed to follow a uniform distribution. The actual probability density functions are included when the probabilities are evaluated (section 3.4).
3.3 Construction of explicit failure boundaries with SVM (steps B and C) Once a DOE has been generated, a simulation is run for each sample. The corresponding response provides the state of the system (e.g. endoleak or safe) for each configuration. This classification of the system's response (step B) splits the space into two or more regions. Figure 5 provides an example of two failure regions for a twodimensional parameter space. The figure also depicts the boundaries of these regions.
In probabilistic (reliability) analysis, these boundaries are referred to as LSF. For most simulation-based problems, the LSF is defined implicitly through the outcome of a computer code. Techniques such as first-order and second-order reliability method Figure 4 . Two-dimensional sample distribution. Non-uniform (e.g. LHS) and uniform (e.g. LCVT) (Haldar and Mahadevan, 2000, Melchers, 1999) provide an estimate of the probability of failure (i.e. the probability of being in the failure domain) by assuming a linear or quadratic LSF, respectively. For highly non-linear and disjoint failure regions, these techniques lead to inaccurate results.
It order to facilitate the probabilistic assessment, this article proposes to describe the LSF explicitly with respect to the variables. The boundaries of the failure regions, as depicted in Figure 5 , will be known through simple explicit analytical expressions. This makes the calculation of probabilities of failure with Monte-Carlo simulations quite straightforward (section 3.4).
Another advantage of the approach stems from the nature of the response under consideration. In our modeling, the occurrence of a leak or its absence is a binary event. This makes traditional approaches based on DOE and a response approximation (response surface and metamodels; Myers and Montgomery, 2002; Wang and Shan, 2007) , inappropriate. These approximations are often used in conjunction with MonteCarlo simulations to calculate probabilities of failure.
In order to create explicit boundaries, it was found that SVM provide a unique tool able to generate the boundaries of non-convex and disjoint failure regions.
3.3.1 Support vector machines. An SVM is a machine learning technique that has widespread applications in classification and pattern recognition (Vapnik, 1995; Karlsen et al., 2000) . An SVM defines decision functions that optimally separate two classes of data samples. The purpose of this section is to provide the reader with an overview of the SVM algorithm.
Consider a set of N training points x i in a d-dimensional space. Each point is associated with one of two classes with value y i ¼ AE1. The SVM algorithm finds the boundary (decision function) that optimally separates the training data into the two classes. The SVM theory is presented in the case of a linearly separable data set. It is then extended to the case where the data are not linearly separable.
3.3.2 Linear decision function. In the SVM theory, the linear decision function lies half-way between two hyperplanes that separate the two classes of data. These hyperplanes, referred to as ''support hyperplanes'', are required to pass through at least one of the training points of each class (support vectors) while no point can be found within the margin ( Figure 6 ). For separable data, there is an infinite number of possible decision functions. In order to find the ''optimal'' decision function, the basic idea is to maximize the margin that separates the support hyperplanes which are defined by the 
where x is the position vector, w is the vector of hyperplane coefficients and b is the bias.
The SVM boundary splits the space into positive (i.e. positive SVM values) and negative regions which contain the class of points y ¼ þ1 and y ¼ À1, respectively. Equation (1) along with the constraint that no point can lie between the two aforementioned hyperplanes is combined in a single global constraint:
The perpendicular distance between the two support hyperplanes is 2=kwk. Therefore, determining the support hyperplanes (i.e. solving for w and b) for maximum margin can be expressed with the following optimization problem:
This is a quadratic programming (QP) problem since the objective function is quadratic, and the constraints are linear. As a result, the optimal w, b, and the Lagrange multipliers i at the optimum are obtained efficiently by existing QP solvers. From this, the classification of any test point x is obtained by the sign of the following function:
Note that, following the Kuhn and Tucker conditions, only the Lagrange multipliers associated with the support vectors will be strictly positive while the other ones will be equal to zero. In general, the number of support vectors is a small fraction of the total number of training points. Equation (4) can be rewritten with respect to the number of support vectors NSV instead of N. In the case where the data are not linearly separable, the optimization problem will be infeasible. In this case, the problem is relaxed through the introduction of slack variables . Probabilistic failure prediction 91 3.3.3 Non-linear decision function. SVM can be extended to the case of non-linear decision functions by projecting the original set of variables to a higher dimensional space referred to as the feature space. In this n-dimensional feature space, the new components of a point x are given by ð 1 ðxÞ; 2 ðxÞ; :: ; n ðxÞÞ where i are the features. Therefore, the nonlinear decision function is obtained by formulating the linear classification problem in the feature space. The classification is then obtained by the sign of
where È ¼ ð 1 ðxÞ; 2 ðxÞ; :: ; n ðxÞÞ and <; > is the inner product. The inner product in Equation (5) forms a kernel K, so that the decision function is written as
The two most commonly used kernels functions are the polynomial and the Gaussian kernels. The Gaussian kernel, used in this paper, is defined as
where is the width factor of the Gaussian kernel. An example of classification using a Gaussian kernel is provided in Figure 7 . The figure shows the ability of SVM to generate disjoint and non-convex classification function. Example of SVM defining the boundaries of an arbitrary failure domain in a three-dimensional space. SVM can define disjoint and non-convex failure regions EC 27,1 92
Map of probability of failure (step D)
The availability of explicit boundaries provides an efficient way of calculating probabilities of failure. In the proposed SVM-based approach, it is natural to use Monte-Carlo simulations because the evaluation of the state of a Monte-Carlo sample is very efficient (negative or positive). Figure 8 provides a graphical depiction of the Monte-Carlo simulations. In Monte-Carlo simulations, the probability of failure is given as the ratio of failed samples N f to the total number of samples N:
where s is the SVM value andx x is a Monte-Carlo sample. The relative error, within a 95 percent confidence interval, made by the Monte Carlo simulations in estimating the probability of failure with N samples is (Melchers, 1999 )
where p Ã f is the actual probably of failure. Therefore, for brute Monte-Carlo approach, the number of samples must be large for small probabilities of failure. In the case of SVM-based design space decomposition, the state of a Monte-Carlo sample can be assessed efficiently thus allowing the evaluation of small probabilities.
The calculation of the probability of failure can be carried out at for each sample (x i , y i ) of the DOE (Figure 9 ). If needed the probability of failure can then be approximated by a response surface to provide a map.
FSI. Modeling and analysis
The finite element model was created using the finite element software ANSYS interfaced to the explicit code LS-DYNA. ANSYS parametric design language (APDL) allowed the geometric parameterization of the model. ANSYS pre-and post-processors do not currently support LS-DYNA's FSI capabilities, so an additional code was developed by the authors (using the Python programming language) to complete the ANSYS/LS-DYNA interface. An overview of the interface code is given in the Appendix. 
Geometric modeling
In order to create the geometry presented in Figure 2 , a surface is lofted over circular cross-sections that are defined normal to the aneurysm centerline. The centerline is determined by two independent third-order polynomials that represent its projections on the z-x and z-y planes (Figure 10a ). Defining the centerline requires specifying the locations of the inlet and outlet cross-section center points and the inlet and outlet direction vectors, V in and V out , that are normal to the upper and lower neck planes. Four independent angles, ix ; iy ; ox , and oy are needed to fully determine the inlet and outlet direction vectors (Figure 10b) .
The radius, R, of the circular cross-sectional aneurysm planes varies over an average value, R ave , according to the ''bell-type'' function:
Figure 10.
Geometric modeling. Projection of the aneurysm centerline onto the x-z plane (a) and the vectors defining the parameterized asymmetric aneurysm (b) Figure 9 .
Map of probability of failure. A probability of failure is calculated at various points of a DOE using Monte-Carlo simulations EC 27,1
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where R max is the maximum radius of the aneurysm bulge, R dev is the ''shape coefficient'' of the aneurysm along the z axis, and R cent determines the z coordinate of the maximum radius. The stent-graft is also defined with circular cross-sections centered on and normal to the same curve as the aneurysm. The graft radius is constant along its length and is defined with an oversize relative to the artery. Oversize is based on the proximal cross-section at which the aorta and graft are in contact. The Eulerian fluid mesh follows the same centerline as the graft and is given a larger radius than that of the artery at each cross-sectional division. This is done in order to encompass the grafted aneurysm and artery deformation.
Fluid-structure coupling
The prediction of endoleak requires a model which must initially start with an effective seal between the graft and the artery. Because the graft is oversized, it has a larger unstressed diameter than the artery. Therefore, when it is positioned inside the aorta, the deformation and the corresponding stress field due to the oversize need to be accounted for. A simulation of graft deployment was therefore conducted before the full FSI analysis (see Appendix). The seal will either retain its competency for the duration of the simulation or fail and allow blood to flow between the artery and graft walls, into the aneurysmal sac. These two outcomes are shown in Figure 11 which illustrates the contact between the aorta and graft (Lagrangian entities). An Eulerian fluid domain surrounds the grafted aorta and is composed of both fluid (blood) and void elements. When the Lagrangian entities are in contact, the fluid elements between the aorta and the graft are void of blood. When the leak occurs, with time, blood will fill some of these elements. This is achievable using LS-DYNA's ''multi-material'' Eulerian formulation (Hallquist, 2006) . Elements using this formulation are able to accommodate more than one material. In the case of endoleak, as blood flows into the void fluid elements they will have some proportion, referred to as a volume fraction, of void and blood material. Fluid elements Figure 12 have two volume fractions, 1 and 2 , corresponding respectively to a fluid and ''void'' material which is available in LS-DYNA. Void material serves the role of empty (i.e. zero density) space in the elements. While the volume of some elements is purely fluid or purely void, those elements at the fluid-void boundary have two nonzero volume fractions. Advection in these elements is carried out for each of the two materials in proportion to its volume fraction. In the case of the fluid, the advection equation is
where s is the general advection variable and s e and s l are the state variable values in the Eulerian and Lagrangian element configurations, respectively. The Eulerian and Lagrangian element volumes are represented by V e and V l , and the flux volume across the jth face of an element is V j flux . Coupling between the blood and Lagrangian entities is accomplished by tracking the boundary between the blood and the void regions of the Eulerian mesh. If the blood boundary penetrates the surface of the stent-graft or artery then a penalty force is applied in proportion to the distance of penetration. A friction coefficient is also specified in the penalty coupling to obtain a no-slip condition for fluid coincident with the stent-graft or artery wall. Mesh dependency and validation studies can be found in the Appendix.
Boundary conditions
Radial displacement constraints are applied to the top (inlet) and bottom (outlet) nodes of the artery. These nodes, as well as those at either end of the graft, are also constrained in the longitudinal direction. A time-varying nodal velocity is prescribed at the top of the aorta to produce an inlet flow boundary condition. At the artery outlet, a pressure boundary condition is defined representing the flow impedance of the vascular bed downstream of the aneurysm (Peskin et al., 2000) (see results section for Representation of the notion of volume fraction for two material in the ''multi-material'' formulation EC 27,1 96 examples). In addition, due to the graft deployment process (see Appendix), the aorta is pre-stressed.
Material properties
The mechanical properties of the arterial tissue and graft are approximated as isotropic linearly elastic materials. It should be noted that the linear behavior here is a simplifying assumption, as it has been reported that aneurysm tissue displays non-linear anisotropic behavior (Vande Geest et al., 2006; vorp et al., 1996) . Blood is modeled as a Newtonian fluid with a constant viscosity coefficient which is a suitable approximation of flow behavior in large vessels such as the aorta (O'Rourke, 2003) . Shear strain in the fluid is calculated based on its velocity in proportion to the viscosity. A viscosity coefficient of ¼ 2:7 Â 10 À3 Ns=m 2 was used in all the studies. Hydrostatic pressure, on the other hand, is computed from the internal energy according to an equation of state. In this study, the Gruneisen equation of state (Meyers, 1993) was used to relate blood pressure to internal energy.
Element types
Both the artery and the stent-graft (Lagrangian meshes) were discretized using quadrilateral shell elements having a fully integrated Belytschko-Tsay formulation (Hallquist, 2006) . The artery and graft evolve within an Eulerian mesh composed of eight-node hexahedron elements for which single point integration is used.
Fluid elements at both the inlet and outlet boundaries were given ''ambient'' formulations so that state properties in the elements such as material volume fraction and density would remain as specified. Ambient elements at the inlet, therefore, constitute a limitless fluid reservoir. At the outlet a time-varying internal energy is defined in the ambient reservoir to produce a transient pressure boundary condition.
Results
A full parametric study was carried out for a both a simple (axisymmetric) and complex (asymmetric) AAA geometry ( Figure 13 ). Note that while full geometric parameterization is possible using the present methodology, we herein focus our efforts on demonstrating the power of this approach using a simple and intuitive set of design space variables. In addition, for the simplified geometry a steady flow was used, while a fully pulsatile inlet flow and outlet pressure were utilized in the complex geometry simulations. The final objective is to generate the map of probability of failure (i.e. endoleak) for these two geometries over a chosen set of variables. 
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This study was carried out by varying two parameters: the diameter oversize of the stent-graft (defined as the relative difference in un-pressurized aortic diameter and unconstrained stent-graft diameter), and the elastic modulus of the aorta (assuming linear elastic behavior). Note that for this preliminary study, extreme parameter ranges were used in order to validate the efficacy of the proposed techniques in predicting intuitive failure configurations. That is, we expect to see increased probability of failure in the low oversize and low aortic modulus regions of the design space. The ranges for the oversize and elastic modulus were 2.5-15 percent and 0.1-1.0 MPa, respectively.
Simplified geometry
For the simple geometry, the pressure and flow boundary conditions were increased linearly to constant peak systolic values (Figure 14) .
Using the improved distributed hypercube technique, 16 DOE sample points were chosen. FSI simulations were run for each oversize/elastic modulus configuration, and the results were inspected for failure. For each sample, failure was defined as an ingress of blood between the aorta and the graft as determined by observation. This binary classification was then used to train SVM to define the boundary of the failure region. In Figure 15 examples of both a non-failure and a failure configuration are shown. In the case of failure, endoleak is obvious, as blood has entered the volume between the graft and artery wall (a).
The seal between the graft and artery in the non-failure case, however, has retained its competency (b). Once each point in the sample distribution was classified as either failure or non-failure, the SVM algorithm was used to create a failure region boundary. This boundary identifies, the somehow intuitive, low elastic modulus, low graft oversize area of the parameter space as the failure region.
Complex geometry
A second two-parameter study was carried out by again varying the diameter oversize of the graft and elastic modulus of the artery with the same ranges as those used in simplified geometry study. The model used in this case, however, had a more complicated three-dimensional asymmetric shape. Inlet and outlet angles of 20 were used with a maximum aneurysm diameter of 7.6 cm and shape coefficient of 3 cm. Pulsatile boundary conditions, based on a structured tree model of the vascular system (Peskin et al., 2000) , were applied to the artery inlet and outlet (Figure 16 ). Simulations were run for the 16 DOE points used for the simplified case. Figure 17 shows an example of a graft that maintained an effective seal through the course of the simulation and one that developed an endoleak. Each point was classified as either failure or non-failure, and SVM generated a function delimiting the failure region. Peak systolic pressure outlet pressure and inlet flow boundary conditions. Simple geometry EC 27,1
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While SVM again predicted a failure region in low stiffness, low oversize configurations the region is larger than that found in the simplified cylindrical geometry result. It is also important to note the steeper slope of the limit-state function in this study as compared to that predicted in the simple geometry case.
Graft failure probability
As described in section 3.4, for each point of the parameter space it is possible to find the probability of endoleak based on assumed probability density functions of the variables. Figure 18 provides a graphical representation of the probability of failure for a point at which the artery has an elastic modulus of 0.75 MPa, and a graft oversize of 9 percent. In this example, variability is prescribed to the artery elastic modulus only. The depicted normal distribution has a mean of 0.75 MPa and a standard deviation of 0.075 MPa. The corresponding probability of failure (schematically represented by the dashed area) is 15.1 percent. Two maps of probability of failure were generated over the whole space (section 3.4) for the simplified and complex geometries. The oversize and the artery modulus are both assumed to be normal distributions with standard deviations equal to 0.5 percent and 0.1 MPa, respectively. The means are the values of the configuration for which the probability of failure is being calculated. Monte-Carlo simulations were run with 10 6 samples. Figure 19 provides the two maps of probability of failure.
6. Discussion 6.1 Dimensionality of the parameter space The results of both the simplified and complex geometry studies confirm that, in accordance with intuition, endoleak primarily occurs in low stiffness and low oversize configurations. Thus, the efficacy of the SVM approach for explicit parameter space decomposition was validated as it successfully identified failure regions in the parameter space. This facilitated the analysis of failure probabilities which were conveniently calculated for an uncertain parameter distribution in both studies. Failure domain and limit state for the complex geometry Figure 18 .
Example of probability of failure calculated for a elastic modulus with uncertainty EC 27,1
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However, it should be noted that SVM is multidimensional and future studies will extend the studies to other aneurysmal and graft material and geometrical properties. The need for a larger sample set size (i.e. number of finite element analyses) is also currently being addressed through an adaptive update scheme of the SVM decision function .
Probabilistic distributions
In the results section, arbitrary normally distributed parameters were used. Future studies will need to incorporate actual distributions from the literature and experimental results. However, the purpose of this article is to present a new probabilistic methodology applied to graft failure prediction. This methodology is independent of the types of distributions used.
Material and geometric properties
The authors acknowledge the relative simplicity of the assumptions for the material and geometric properties of the graft and arterial wall used in the current work. For example, the assumption of a linear isotropic material response for the aneurysmal wall will, in general, lead to inaccuracies in wall dilation and thus probability of Type I endoleak. In addition, it has also been shown that the aneurysm wall displays mild anisotropy (Vande Geest et al., 2006) . The effects of including a bifurcation in both the aneurysm and in the graft were also not taken into account in the current work. Since the primary endpoint of the current study is the development of a computational methodology for calculating the probability of failure of endovascular grafts, the above limitations were deemed acceptable. Future studies will need to include the above considerations, which is ongoing within our laboratory. The proposed methodology is aimed at developing a computational framework in which the most influential parameters in endovascular graft failure are identified. Assuming the parametric models utilized in this work can adequately represent the geometrical and material complexities critical to assess device failure, this approach can be used in a prospective and predictive manner to assess the potential of stentgraft failure. While patient-specific AAA geometry has been shown to be critical in assessing the estimation of AAA wall stress (for rupture prediction), it is currently unknown what degree of patient specificity is required to adequately assess stent-graft failure. It may be that the essential geometrical features of the AAA/stent-graft environment can be adequately modeled using a flexible parametric geometry. Nevertheless, future applications of the proposed methodology in which geometric parameters are allowed to vary should help elucidate these concerns. This article introduces a novel methodology for assessing the probability of endovascular graft failure. In particular, an SVM-based explicit design space decomposition is introduced as a technique for the calculation of the probability of Type I endoleak. A parameterized FSI model was created to model the inception of Type I endoleak. The proposed approach was applied to two geometries of aortic aneurysm where aortic stiffness and stent-graft oversize were investigated. Ongoing work is being done to include geometrical and material complexities as well as including a larger number of parameters and other failure mechanisms (e.g., migration). EC 27,1 A. Graft deployment Starting outside the artery in its zero stress state, the graft is given a radial displacement over time. Once the graft is inside the vessel, an LS-DYNA contact algorithm between the graft and artery is initiated. The graft is then released to its unstressed diameter, thus dilating the artery as it expands. However, this is a dynamic process exhibiting oscillations, so, in order to find the equilibrium state between the aorta and the graft, mass damping is applied. Damping forces during the relaxation process are applied to nodes in proportion to their mass m node and velocity v node according to the following equation:
where C d is the user defined damping coefficient. The deployment process is depicted in Figure  A1 along with the system kinetic energy decay during damping can be seen in Figure A1 .
B. Interface between ANSYS and LS-DYNA
Several programs and files are involved in the process that was developed to generate a DOE and automatically build and analyze the parameterized aneurysm model. Figure A2 is a simplified illustration of the process by which a single simulation is run. This process is called by the ANSYS probabilistic design system (PDS) module which automatically generates the DOE. The process can be summarized in three steps: Figure A1 .
Graft and artery during deployment (a) and kinetic energy decay during damping (b) EC 27,1
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(1) Step 1: Creation of an ANSYS APDL input file. The input file contains both the parameter values that characterize the model as well as the APDL commands for constructing the model. Parameters in the ANSYS input file define geometry, material properties, finite element discretization, boundary conditions, constraints, and solution controls. ANSYS interprets the input commands, builds the model with properties specified by the input file, and ultimately writes a file that can be read into the LS-DYNA solver. These parameters are recognized by the PDS module to perform the DOE.
(2)
Step 2: The initial LS-DYNA input file (k-file) consists of the finite element mesh information and controls defined in the original ANSYS input file. Due to limitations in the ANSYS/LS-DYNA interface, the LS-DYNA input file at this stage does not include any information to initiate or control FSI in the model. The supplemental intermediary Python program was written, therefore, to complete the interface. The role of this step in the process is to route the initial k-file to the intermediary program for modification. Modifications include:
. adding LS-DYNA fluid analysis controls, creating multi-material groups (i.e. circulatory and luminal blood), and .
defining fluid-structure coupling.
(3)
Step 3: Once the k-file has been amended to include inputs that make use of LS-DYNA's FSI capabilities, the supplemental interface program calls the LS-DYNA solver which then reads information from the final input file. The solution proceeds and produces output files containing results for post-processing.
C. Mesh convergence and validation
In order to validate the FSI analysis and determine the maximum element size for obtaining accurate results, pulsatile blood flow was simulated in a cylindrical artery model. Timevarying periodic flow was prescribed at the inlet and time-varying periodic pressure was prescribed at the outlet. A viscosity of ¼ 2:7 Â 10 À3 Ns/m 2 was used for the blood (Nielsen et al., 1968) , and the artery wall was given a Young's modulus of 3.00 MPa. The computational time of explicit dynamic analysis is strongly dependent on element size due to the critical time step stability criterion. In order to find the largest element size that will produce accurate results, a study of mesh density was performed. Characteristic element size was varied from R/ 4 to R/10 where R is the un-deformed blood vessel radius, and four mesh densities were chosen over this range. The velocity at the center node near the exit of the artery was recorded for Figure A2 . each mesh density and are shown in Figure A3a . As the mesh density increases, the peak velocity converges to a value very near the prescribed flat profile velocity boundary condition (labeled BC). Figure A3b shows the time evolution of pressure near the center of the artery using the coarsest mesh density. There is an initial transient model preparation phase during which the graft is deployed and blood begins flowing through the system. A constant prescribed flow imparts velocity to blood in the artery as the outlet pressure is increased linearly over time from zero to diastolic. At this stage physiological pulsatile flow conditions begins, and after one pulse the model exhibits time periodicity.
As one possible measure for validation of the FSI, the hoop stress was measured midway between the artery inlet and outlet. This one done without the graft. According to basic strength of materials, hoop stress in a pressurized thin-walled cylinder is given by
where p is pressure in the vessel, r is the undeformed radius, and t is the thickness. Figure A4 shows the good agreement between the hoop stress computed by LS-DYNA and Equation (13) over time for a given mesh density.
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